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In recent years, several computational methods have been developed to predict 
protein-protein interactions at a genome-wide level. Among them, a Bayesian 
approach has been proposed to integrate “-omics” data from diverse sources, 
and reconstruct probabilistic global interactomes.  
In order to apply this method to Plasmodium falciparum, the most virulent 
agent of the human malaria, we generated novel genomic data sets and gene 
expression profiles. In particular, we performed a re-assessment of the 
phylogenetic profile method proposing a new strategy to select reference 
genomes and adopting a novel measure of similarity. We also produced a new 
set of rosetta stone data on the basis of a large number of non-redundant 
genomes used as a reference set. Furthermore, diverse transcriptomic data have 
been organized to obtain gene expression profiles covering the entire intra-
erythrocytic Plasmodium life-cycle. All data were then integrated to predict a 
global P. falciparum protein-protein interaction network. To gain insights on 
function and dynamics of specialized membrane compartments (lipid rafts), 
during P. falciparum development, we filtered our global interactome with 
stage-specific lipid raft proteomic data.  
Functional and topological studies of the obtained stage-specific interactomes 
were undertaken. Our results revealed a conserved subnetwork, the lipid raft 
“functional core”, involved in fundamental parasite processes and dynamic 
clusters populated of stage-specific proteins, responsible for remodeling of lipid 
raft organization.  
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1 – STATE OF THE ART 
1.1 Prediction of protein-protein interaction networks. 
Infectious diseases are the leading cause of human death, particularly in 
developing countries. Although in many cases drugs are available, the 
increasing emergence of pathogens resistant to drug treatments strongly 
requires to improve our understanding of the pathogen biology and in particular 
the key factors and processes that allow for disease establishment and 
progression. Biological processes occurring in a cell are driven by proteins that 
work in cooperation. For this reason, the understanding of a biological system 
requires a better knowledge of the interconnectivity between proteins in the 
different pathways and processes, which includes both physical and functional 
interactions.  
In this perspective, reconstruction of protein-protein interaction (PPI) networks 
represents one of the challenges for both experimental and computational 
biologists. In the last years, several and diverse methods have been developed 
to infer PPIs. and different categories of predictors can be distinguished, as 
recently reviewed by Zahiri and colleagues (Zahiri et al., 2013). 
Phylogenetic profiling is one of the most common methods to infer PPIs from 
genomic data, the basic idea being that functionally related proteins are encoded 
by coevolving genes and hence they may be captured by construction and 
comparison of their phylogenetic profiles. In the first implementation of the 
method, co-evolving proteins in a genome were identified by clustering binary 
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phylogenetic profiles reporting the presence (1) or the absence (0) of protein 
homologs in genomes of a reference set (Pellegrini, et al, 1999). To do this a 
BLAST data base search was carried out for each protein of a given organism 
versus the entire reference set. Hits with a value higher than an established 
threshold were regarded as possible homologs and registered as 1 in the profile. 
An implementation of the method was proposed by Date and collaborators 
substituting the binary profiles with real values derived from the E-values of the 
BLAST matches and adopting the mutual information metric to measure the 
profile similarity (Date, et al, 2003). Among the measures of profile similarity 
successively proposed, the correlation-based measures have been shown to have 
the best predictive performances even if they capture only linear relationships 
(Date, et al., 2003; Enault, et al., 2003; Glazko, et al, 2004).  
 
Another computational method based on genomic data to predict PPIs is the 
rosetta stone fusion protein method. The method relies on the observation that 
certain interacting proteins can be predicted, due to the presence in other 
organisms of orthologs fused in a single gene, encoding a multi-domain product 
named “rosetta stone protein” (Enright, et al, 1999). Protein interactions are 
then identified by comparing the protein sequences of the genome under 
examination with those of a reference set, to look for gene fusion events 
(Enright, et al, 1999). A score is assigned to each predicted interaction, based 
on the probability that the corresponding fusion event occurred by chance 
(Marcotte & Marcotte, 2002). 
 
The usage of gene expression data to infer PPIs is based on the observation that 
proteins participating to the same complex or involved in the same biological 
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pathway are often encoded by co-expressed genes (Jansen, et al, 2002). In the 
recent past, several technological platforms have been developed to measure the 
global gene expression in different cellular types. This led to the generation of a 
huge amount of expression data, available to the scientific community. Two 
methods are usually used to quantify simultaneously all transcripts of a 
biological sample: the microarray-based transcriptomics and, more recently, the 
direct RNA sequencing, also known as RNA-seq (Gibson, 2003; Nagalakshmi, 
et al, 2010). Co-expression of group of genes are established by means of 
classical statistical tools applied to time-course experiments. 
However, PPIs predicted by different methods are not directly comparable 
because of the difference in their genome coverage and accuracy (Ito, et al, 
2001; Deane, et al, 2002; Von Mering, et al, 2002). For these reasons, the 
integration of multiple datasets from different experimental technologies and 
platforms and from different computational methods becomes crucial to 
produce a comprehensive and accurate set of relationships between interacting 
proteins (Jansen, et al, 2003; Lee, et al, 2004). 
Exploiting the Bayesian approach proposed by Jansen and colleagues (Jansen, 
et al, 2003) genomic and transcriptomic data sets, available for Saccharomyces 
cerevisiae, were used to derive a probabilistic PPI network. Each data set 
(phylogenetic profiles, gene-expression profiling, rosetta stone data) was 
compared with gold standard data sets, representing the benchmark, to derive a 
probability score. Under the assumption of independence of data sets, a global 
score was then obtained multiplying the single ones. It has been demonstrated 
that the performance of the integrated predictions strongly overcomes the one 
obtained from single approaches.  
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In this work, we applied the Bayesian method to derive a novel PPI network for 
the malaria parasite Plasmodium falciparum using phylogenetic profiles, rosetta 
stone and gene expression data. Taking advantage of the increasing number of 
sequenced genomes, a novel set of phylogenetic profiles and rosetta stone data 
were derived. In particular we proposed a new measure to score profile 
similarity based on a recently proposed metric of correlation between variables 
(Szekely, et al, 2007), the distance correlation.   
 
 
1.2 Malaria, a global public health threat. 
 
Malaria is one of the major global public health threat together with AIDS and 
tuberculosis. About 3.2 billion people worldwide are estimated to live in 
countries and territories, mainly corresponding to the tropics and subtropics 
regions, at risk of malaria transmission and disease. Morbidity and mortality 
deeply impact on these populations causing hundred millions of clinical cases 
and half million deaths yearly. The highest burden is focused in Sub-Saharian 
Africa: around 90% of all deaths occurs in this region and the greatest part of 
them affects children under the age of five (WHO, World Malaria Report 
2014). Malaria transmission is strongly influenced by climatic features as 
temperature, humidity and rainfall (Gubler, et al, 2001), and in the last decades, 
the climate changes are modifying malaria spreading, making this parasitosis 
stable in regions at the margin of its previous distribution (Chaves, et al, 2010). 
Furthermore, socio-economic trends (i.e., migration and tourism) strengthen 
imported malaria cases increasing the risk of parasite transmission in temperate 
areas where the vectorial capacity is high, as in the Mediterra
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(Odolini, et al, 2012). Moreover, the absence of an efficient vaccine and the 
growing number of resistance to drugs make necessary to improve our
knowledge of the biology of the malaria parasites. 
Malaria is caused by Plasmodium, a Protozoan belonging to the phylum of the 
Apicomplexa. Plasmodium life cycle takes place into two different hosts: a 
female mosquito of the genus Anopheles and a vertebrate host. Until recently, 
four species of the malaria parasite (Plasmodium falciparum, Plasmodium
vivax, Plasmodium ovale and Plasmodium malariae) were considered able to 
infect humans and between them P. falciparum is the most virulent agent of 
human malaria. 
Parasite life cycle (figure 1) starts when an infected female mosquito of the 
genus Anopheles bites a vertebrate host. The sporozoites reach the liver where 
the first asexual replication takes place within the hepatocytes. In 9-16 days, 
each sporozoite that enters the host hepatocytes gives rise to thousands 
merozoites, the erythrocyte invasive form. Inside the erythrocyte, merozoites 
rapidly become larger, ring-shaped young trophozoites. 
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A rapid and repeated division of the trophozoite’s nucleus forms a schizont, 
characterized by several nuclei immersed in the same cytoplasm. Following 
cytokinesis, 16-32 merozoites are formed per each erythrocyte. A pushing force 
coming from the inside-out turning of the erythrocyte membrane permits the 
egress of the merozoites from the infected red blood cell through a single 
osmotic-induced pore (Abkarian, et al, 2011). Red blood cell content is released 
together with the merozoites and is responsible of a large part of malaria 
symptoms. Released merozoites are ready to invade new erythrocytes. A small 
subpopulation of schizonts, committed to sexual differentiation 
(gametocytogenesis) differentiate into male and female gametocytes (Inselburg, 
1983), the only forms infectious to mosquito (Smalley & Sinden, 1977).  
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1.3 Parasite research in the “–omic” era. 
The complex biology of the parasite, the difficulties of retrieving the pure 
stages, its low transfection efficiency and its haploid state that limits classic 
genetic approaches or determines an excessive time cost (Balu, 2012)
encourage the use of high-throughput approaches to characterize protein 
function at local and genome-wide level. 
In 2002, the first P. falciparum genome was completely sequenced (Gardner, et 
al, 2002) opening a novel era for the understanding of the parasite biology. The 
availability of the complete genome sequence encouraged the application of 
high-throughput methods to the study of Plasmodium developmental stages. 
Along with the genome sequencing, the first proteomic analysis of different 
stages of parasite life cycle (Florens et al., 2002; Lasonder et al., 2002) was also 
provided. Several transcriptome analyses came soon and revealed the highly 
ordered gene expression cascade characteristic of P. falciparum (Le Roch, et al, 
2003; Bozdech, et al, 2003). These data, along with the observation that only 
few genes encode for factors transcriptionally regulated, supported the 
hypothesis of a strong post-transcriptional control in Plasmodium gene 
expression (Llinas, 2006). More recently, massive parallel RNA-sequencing 
approaches (Bentley, et al, 2008) further improve the status of the genome 
annotation (Su, et al, 1999) and the transcriptional profiling of the erythrocytic 
asexual stages of the parasite (Otto, et al, 2010).
In 2005 a large-scale analysis of about 3000 protein interactions has been 
performed by yeast-two-hybrid in P. falciparum (LaCount, et al, 2005) 
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allowing the reconstruction of the first PPI network. After that, other PPI 
networks have been proposed as reviewed in (Ramaprasad, et al, 2012). 
However, these PPI networks provide information only on a limited set of P. 
falciparum proteins. In 2006 a novel method based on the integration of “-
omics” data from diverse source was adopted to derive a global PPI network 
(Date, et al, 2006; Hu, et al, 2010)  
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2 – AIM OF THE PROJECT 
Antimalarial drug discovery and vaccine design have largely focused on 
compounds against blood stages of the parasite (Guiguemde, et al, 2012). The 
centrality of the blood stages has meant that extensive research efforts persist 
on specific biological processes commonly characterized by a manifold 
complex of membranes, such as erythrocyte invasion (Cowman & Crabb, 2006) 
and egress (Blackman, 2008). 
Furthermore, it has been shown that cell 
membranes are complex and 
inhomogeneously structures that perform 
and coordinate cell function by 
segregating or aggregating lipids and 
proteins. Despite of the complexity and 
relevance of the membrane system by 
which Plasmodium interacts with, enters 
and resides into the host cell, this area is 
relatively overlooked (Zuccala, et al, 
2011). 
Lipid rafts are cholesterol and 
sphingolipid-rich membrane 
compartments implicated in various cell 
processes by forming platforms that 
promote dynamic lipid-lipid, lipid-
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protein, PPIs (Allen, et al, 2007; Lingwood & Simons, 2010) (panel A of figure 
2).  
 
 In Plasmodium, as it occurs in a large set of other pathogens (panel B of figure 
2), these membrane microdomains play a crucial role in host-cell invasion and 
other key processes like trafficking and signaling (Vieira, et al, 2010; Murphy, 
et al, 2006; Koshino, et al, 2009; Di Girolamo, et al, 2008). For these reasons, 
“raftophilic” proteins that preferentially and temporarily partition into the lipid 
raft may represent suitable potential drug targets (Rajendran, et al, 2010).  
 
In this work, we propose a systems biology approach to study the dynamics of 
the highly specialized membrane microdomain also referred to as lipid rafts in 
P. falciparum.  
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3 – EXPERIMENTAL DESIGN 
The peculiar richness of lipid rafts in cholesterol and sphingolipids is exploited 
to separate these microdomains from the rest of the membranes by sucrose 
density gradient. In the host laboratory, this method was applied to purify lipid 
rafts from P. falciparum young trophozoites, early schizonts, late schizonts, and 
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mature gametocyte. Corresponding stage-specific proteomes, obtained by mass 
spectrometry, were available in public database (right side of figure 3). 
 My PhD thesis focused on a comprehensive analysis of PPIs taking place in 
lipid rafts of asexual and sexual P. falciparum blood stages. To do this, we 
derived stage-specific interactomes and studied their architecture, functional 
organization and dynamics.  
We took advantage of the great amount of available “-omics” data to construct 
phylogenetic profiles, adopting a novel method to measure their similarity, to 
derive a novel set of “rosetta stone proteins” and a gene expression profiling of 
both asexual and sexual stages (left side of figure 3). We then predicted a global 
PPI network of P. falciparum applying the Bayesian approach proposed by 
Jansen (Jansen, et al, 2003).  
 
Stage-specific proteomes were then used to filter the global PPI network and 
thus to derive the corresponding stage-specific interactomes of lipid rafts.  
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4 - RESULTS 
4.1 Phylogenetic profile: the reassessment of the method. 
The increasing number of genomic data makes phylogenetic profiling one of the 
most promising computational methods to predict PPIs. As mentioned in the 
Introduction, this method is based on the alignments between proteins from the 
genome under examination and proteins from selected genomes in a reference 
set, and on the comparison between phylogenetic profiles to detect possible co-
evolving and thus interacting proteins. The two crucial points of this approach 
concern the selection criteria to include genomes in the reference set and the 
choice of the metric to measure the profile similarity.    
Phylogenetic profiles of P. falciparum were constructed by Date and 
collaborators (Date, et al, 2006) using a reference set based on a limited number 
of genomes available at that time. Furthermore, to score the profile similarity 
they used the mutual information, whose limits in predicting positive 
correlations between arrays of real values have been recently recognized 
(Zhang, et al, 2015). 
To overcome these limitations, in this work we proposed a novel procedure to 
construct phylogenetic profiles. We performed a re-assessment of the method 
by focusing first, on the strategy for the selection of genomes to be included in 
the reference set and then, on the measure used to score the profile similarity. 
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The number of genomes in a reference set should be sufficiently high to ensure 
a robust statistics, however, to avoid any kind of bias not redundant genomes 
should be included. A good balance between these two requirements would 
guarantee a robust statistics and hence a good predictive performances of the 
method. To do this, we developed a strategy of genome selection, based on the 
evolutionary relationships between species and the quality of the genome 
sequences. We started considering the 1133 organisms collected in the eggNOG 
database (http://eggnog.embl.de/version_3.0/; version 3.0) that are manually 
selected following several criteria, like genome coverage, status of gene 
annotation and gene completeness (Ciccarelli, et al, 2006; Powell, et al, 2012). 
According to these criteria, genomes in the EggNOG database are classified in 
two categories: core and peripheral. The “core” set includes only “high quality” 
genomes, whereas the “peripheral” set includes genomes sequenced more 
recently, that are not still completely validated. On the basis of this 
classification and on the inspection of the evolutionary relationships in the Tree 
of Life, constructed using genomes in eggNOG, we derived four genome 
reference sets of different size and genome composition (Table I). 
The first reference set (RS1) was derived by excluding from the 1133 
organisms all “peripheral” genomes of strains of the same species. A second 
reference set (RS2) was obtained excluding the eukaryotic genomes with a 
“peripheral” attribute from RS1. To construct the third reference set (RS3), we 
progressively excluded “peripheral” prokaryotic genomes till halving the size of 
RS1. The last reference set (RS4) was obtained from RS3 by visual inspection 
of the Tree of Life, excluding close phylogenetically related eukaryotic 
genomes to reduce possible redundancy. 
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Table I: characteristics of the reference sets. 
Total Prokaryotes Eukaryotes Archea Ratio
Reference set 1 (RS1) 774 594 120 61 5:1:0.5
Reference set 2 (RS2) 699 594 45 61 13:1:1.5
Reference set 3 (RS3) 336 230 45 61 5:1:1.5
Reference set 4 (RS4) 309 230 18 61 13:1:3.5
In order to assess the influence of both size and genome composition of the four 
reference sets on the predictive performance of the method, we constructed four 
phylogenetic profile data sets for Saccharomyces cerevisiae e Escherichia coli
reference genomes using each of the four reference sets .
To align the S. cerevisiae and E. coli protein sequences against the proteins of 
the reference sets we used the Smith-Watermann alignment algorithm (Smith 
T.F. & Watermann M.S., 1981), and, as proposed by Date et al. (Date, et al, 
2003), we constructed phylogenetic profiles as arrays of probability values 
obtained by the E-values, according to: 
( )EP 10log1-= [1]
For E-values lower than 10-1, the probability value is set to 0. 
To compare phylogenetic profiles and hence to predict potential PPIs, we used a 
novel correlation metrics, the distance correlation (dCor). DCor was proposed 
by Szekely in 2007 as an extension of the Pearson’s correlation, but at 
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difference with the linear coefficient, it measures any dependence between two 
variables X and Y. DCor satisfies the  properties: 
 
a)  0 ≤ dCor(X,Y)  ≤ 1 
b)  dCor (X,Y) = 0;     if and only if  X and Y are independent 
c)  dCor (X,Y) = 1;     if  Y = α + β(X) where α and β are scalar  
d)  dCor(X,Y) ≠ 0;      if Y ≈ f (X) 
 
To perform a comparison between dCor and Mutual Information (MI), usually 
used to measure phylogenetic profile similarity, we carried out an assessment of 
the method utilizing both dCor and MI. 
The mutual information between profiles X and Y was calculated as: 
 
),()()(),( YXHYHXHYXMI -+=  [2] 
 
where å-= )(ln)()( xpxpXH  is the summation of the marginal entropies, 
calculated over the intervals of probability distribution )(xp , and 
åå-= ),(ln),(),( yxpyxpYXH represents the summation of the relative 
entropies of the joint probability distribution ),( yxp . Phylogenetic profiles are 
continuous variables and to apply MI they have to be discretized by binning the 
real values into intervals, and then deriving the marginal and the joint 
probabilities. MI was calculated by using the mutualInfo function (Joe, 1989) 
available in bioDist package (Ding, et al, 2010) for R environment (R 
Development Core Team, 2012) after binning the data into 0.1 intervals.  
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While the MI calculation was performed by applying already available scripts, 
in the case of dCor we needed to develop a novel software that parallelizes the 
several steps of the computation making it possible the application of this 
statistics to large genomic data like phylogenetic profiles.  
The strategy that we adopted is schematically shown in figure 4. The first part 
of the procedure (Process 1) represents the phase of data preparation and 
includes three steps. The step 1 consists in the construction of the matrix with 
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elements aij containing the phylogenetic profiles of i  proteins of a given 
organism, constructed using a reference set of size j  genomes; starting from 
this data, the i  Euclidean j x j distance matrices D with elements 
i
lkikl aad -=)(  between the j elements of the i-th phylogenetic profile (with k 
and l from 1 to j) are calculated (step2); the step3 regards the calculation of the 


































is the average calculated on all the elements of the distance 
matrix; 
with jnlk ,...,1,....,1 === . 
This is the crucial point of the procedure, in fact, the calculation of centered 
Euclidean matrices depends on sample size, according to a polynomial law. 
This hampers the application of the method to a large data set on a standard 
workstation. To reduce the algorithm complexity we applied a “split-apply-
combine” strategy developing a code that subdivides and parallelizes this step. 
Furthermore, to reduce RAM requirements, matrices resulting from step 3 are 
stored as binary files in a repository (step4).  
 
To perform the second part of the procedure (Process 2), a second code was 
developed to read pairs of binary files (p, q) and to calculate the corresponding 
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dCor = where Var(DAp) and Var
(DAq) are variances of matrices DAp and DAq and Cov(DAp, DAq) is their 
covariance. 
Each profile of the four sets of phylogentic profiles (constructed using the 
reference sets reported in table I) was compared with all the others in the same 
data set. This resulted in eight data sets of PPI predictions, for S. cerevisiae and 
E. coli with the corresponding dCor values and eight datasets with the 
corresponding MI scores. 
In order to perform an assessment of the method, we derived two sets of gold 
standards both for S. cerevisiae and E.coli. The first one (GS-fun) was derived 
from the metabolic pathways in KEGG database (Kanehisa & Goto, 2000), and 
includes, as True Positives (TPs), pairs of functionally related proteins (TP-fun) 
belonging to the same pathway. In the second set of gold standards (GS-phy), 
TPs are pairs of physically interacting proteins (TP-phy) derived from the 
STRING database (Franceschini, et al, 2013) considering protein pairs with 
exclusively experimental evidence of a physical interaction. To compose True 
Negatives sets (TN) of both functional (TN-fun) and physical (TN-phy) 
interactions, we developed a graph-based algorithm to explore data in KEGG or 
in STRING databases (figure 5). Data were represented as networks where 
interconnected nodes are, in one case, proteins of the same pathway, while in 
the other proteins of the same complex. The algorithm automatically explores 
the networks to identify protein pairs whose shortest path between their sub-
graph was higher or equal to five (TN).  
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To assess the performance of our predictions, a ten-fold cross-validation 
procedure was applied. Each 
dataset of protein pairs was 
randomly sub-divided in 
independent subsets of equal 
size (ten subsets of 3465677 
protein pairs each for yeast 
data and ten subsets of 
2011522 protein pairs each 
for E. coli data) and the 
corresponding specificity 
and sensitivity values were 















where TP, FP, TN, FN are the number of true and false positives and negatives 
obtained by comparing protein pairs (at each interval of dCor and MI values 
binning them at 0.1 intervals) with gold standards. As a measure of the 
prediction accuracy, the Area Under the ROC Curve (AUC) was calculated 








         [3] 
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where ySpecificitX i -=1 and ySensitivitYi =  at the i -th bin of dCor and MI. 
Results, obtained for each assessment performed on phylogenetic profiles 
constructed using each reference set (RS), are shown as scatter dot plots in 
figure 6 where means and standard deviations are indicated as horizontal and 
vertical bars respectively. In all cases, the predictive performance of 
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phylogenetic profiling using dCor (green dots) outperforms that one obtained 
using MI (blue dots). In particular, in the functional interaction predictions, 
AUC mean values range from 0.60 to 0.64 for dCor and from 0.53 to 0.58 for 
MI, in the case of E. coli and from 0.63 to 0.65 for dCor and from 0.55 to 0.59 
for MI, in the case of S. cerevisiae. Even better results were obtained in 
predicting physical interactions, AUC mean values ranging between 0.84 and 
0.86 for dCor and between 0.68 and 0.76 for MI for E.coli, and between 0.70 
and 0.71 for dCor and between 0.64 and 0.68 for MI in the case of S. cerevisiae. 
Considering overall data, the best predictive performances were achieved with 
the reference sets RS1 and RS2 that contain the highest number of genomes 
(774 and 669 respectively). 
However, RS2 appears to 
outperform RS1 in predicting 
physical interactions in E.coli 
and the functional ones in 
yeast.   
 
For this reason, we proceeded 
with the construction of a 
novel set of phylogenetic 
profiles for P. falciparum 
using the reference set RS2 
and the distance correlation, as  
profile similarity measures. 
Results obtained in the 
assessment procedure are 
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shown in figure 7 as scatter dot plots. As in the case of E. coli and S. cerevisiae
the prediction of physically interactions (AUC mean value = 0.75) gives better 
results compared with those of the functional interactions (AUC mean value= to 
0.69).
4.1.a A gold standard-independent validation: the case of the apicoplast 
proteins of P. falciparum. 
Organelle proteins in P. falciparum are of particular interest as candidates for 
drug development in that they are potentially specific for the parasite and absent 
in the host cells. In this context, the apicoplast proteins appear of interest 
because of their bacterial origin, and because they are involved in biological 
processes essential for the parasite life. As shown in the figure 8, the apicoplast 
originates from a secondary endosymbiosis event occurred when an eukaryotic 
red alga engulfed a cyanobacterium and then was subsequently engulfed by a 
eukaryotic cell (McFadden, et al, 1996). During the evolution, several gene 
transfer events occurred from the cyanobacterium to the red alga genome and 
then from that to the nuclear genome of the eukaryotic host cell. This made the 
apicomplexan genomes a sort of mosaic of genes from different origins. 
Nowadays the apicoplast genome encodes a small number of proteins involved 
in the metabolic pathways that take place in the organelle (Wilson, et al, 1996), 
and the majority of the proteins (of bacterial and plant origin) that are necessary 
to complete its functionality are encoded by the nuclear genome and targeted to 
the apicoplast by localization signals (Martin & Herrmann, 1998; Foth, et al, 
2003).
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Methods have been developed to predict apicoplast proteins on the basis of 
target peptide sequence (PATS, PlasmoAP and ApicoAP: Zuegge, et al, 2001, 
Foth, et al, 2003, Cilingir, et al, 2012), however, attempts to define a consensus 
for this localization signal failed. Furthermore the low number of 
experimentally validated apicoplast proteins makes problematic the 
development of algorithms based on the usage of a training set.  
In this work, we utilized phylogenetic profiles of P. falciparum to investigate 
evolutionary relationships of known apicoplast proteins, and to evaluate the 
possibility to exploit this method in the prediction of novel ones. 
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To do this, we first established a threshold of the dCor on the basis of the TP/FP 
ratio versus the genome coverage. We choose a value that guarantees a good 
enough balance between the coverage of the parasite proteome, and thus a 
sufficient number of predicted interactions, and an acceptable percentage of 
possible FPs. We choose the threshold dCor > 0.6, that corresponds to 1928 
proteins involved in 46712 predicted interactions with a ratio of TP/FP equal to 
32.9 and hence a percentage of 3% of possible FPs (figure 9).  
The resulting data set of protein pairs was represented as a network by 
Cytoscape (version 2.8.3;  Shannon, et al, 2003), in which (figure 10) each 
protein is shown as a node (dots in figure) and evolutionary associations 
between proteins, as established by their dCor value, as edges.  
Then, to confirm the 
predicted associations, 
we exploited 









23 out of 40 apicoplast 
proteins selected from 
the ApiLoc Database 
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were found to map on the network of phylogenetic profiles. As shown in figure 
10, known apicoplast proteins localize in two separated regions of the network. 
15 proteins reside in a central area of the main network (figure 10, green 
nodes), while the remaining 8 proteins (figure 10, red nodes) remain confined in 
a small network that has no connections with the main one. This result strongly 
suggests that the small network includes proteins encoded by genes originally 
derived from the cyanobacterium genome and hence evolutionary unrelated 
with the rest of the proteome. On the other hand, apicoplast proteins encoded by 
genes with “plant origin” are not sparse, but they localize to a limited region of 
the main network, reflecting their common evolution. 
Then, we focused on the subnetwork containing proteins of bacterial origin. 
This contains 60 proteins, which are involved in pathways known to take place 
in the apicoplast such as the type II fatty acid synthesis (FASII) or the iron-
sulphur cluster synthesis (Lim, et al, 2010). In particular, we found that three 
subunits of the Pyruvate Dehydrogenase (PDH) complex in ApiLoc, map in this 
subnetwork. The PDH complex, that is involved in essential Plasmodium 
processes (Pei, et al, 2010), is formed by four subunits (E1α, E1β, E2 and E3). 
No information is available on the sub-cellular localization of the subunit E1β 
(PF14_0441) and no bioinformatics tool predicted it as an apicoplast protein. 
As shown in the figure (magnification in figure 10), we found that this protein 
is linked to the other three subunits of the PDH complex in the subnetwork. 
This result represents a further validation of the phylogenetic profiling that we 
constructed for P. falciparum and opens new perspectives on its potential 
applications in developing a novel class of predictors. 
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4.2 Rosetta stone data of P. falciparum. 
 
Rosetta stone is a method to predict PPIs, based on the detection of “rosetta 
stone proteins” in genomes of a reference set (Enright, et al, 1999; Marcotte, et 
al, 2002). The basic idea is that two not-paralog proteins are predicted to be 
functionally related if they are similar to two different not-overlapping domains 
of the same protein in the reference set (figure 11).  
We utilized the reference set RS1 (774 genomes; 4x106 protein sequences) to 
construct novel 
rosetta stone 








derived from the 
genomes in the 
reference set by the Smith-Watermann alignment algorithm available in the 
FASTA package (version 36, Pearson & Lipman, 1988). A match between a 
parasite protein and a “rosetta-stone protein” was considered if E-value of the 
alignment is lower than 
610- and sequence identity higher than 30%. P. 
falciparum paralogs were excluded from the analysis, since proteins with a 
percentage of identity higher than 50% were discarded. 
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In order to establish the likelihood of the predicted functional interaction, we 
calculated the probability that a fusion event occurred by chance. As proposed 
in (Marcotte and Marcotte, 2002), we used the hypergeometric distribution to 
calculate the probability of observing k  fusion events between two proteins 





































To calculate large factorials, the logarithm of the probability using Sterling’s 
approximation was calculated. Finally, the probability to observe k  or more 
fusion events by chance is equal to: 










The lower the probability 
value, the more significant 
the inferred interaction is. 
846 P. falciparum proteins, 
involved in 620 
interactions were predicted 
as functionally related by 
this procedure. We 
evaluated the predictive 
performance of the results 
comparing the obtained 
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data with the functional gold standards (GS-fun) already used in phylogenetic 
profiling. Figure 12 shows the outcome of the assessment procedure. Although 
the predicted interactions regard a limited number of proteins, our data show a 
good predictive performance (the ratio TP/FP ranges between 8.5 and 20.0) that 
is higher than the previously published (TP/FP < 10) (Date, et al, 2006).   
 
 
4.3 Expression profiling of P. falciparum blood stages. 
 
The prediction of PPIs from expression data is based on the observation that 
proteins in the same complex, or involved in the same pathway, are often 
encoded by co-expressed genes. Many transcriptomic data are now available for 
P. falciparum, that can be utilized to determine gene co-expression. We focused 
on microarray-based expression data for which both asexual and sexual blood 
stages (gametocytes) have been analyzed (Le Roch, et al, 2003; Young, et al, 
2005).  
 
Transcriptomic data are accessible for early and late rings, early and late 
trophozoites, early and late schizonts, merozoites and gametocytes (Le Roch, et 
al, 2003). For asexual stages two data sets are available corresponding to two 
independent cultures synchronized using different methods (sorbitol and 
temperature). Two additional gene-expression data sets are also available for 
sexual stages from samples collected daily from two different P. falciparum 
lines (NF54 and 3D7). The first data set consists of a time course of NF54 
gametocytes (from day 1 to day 13) while the second of a time course of 3D7 
gametocytes (days 1, 2, 3, 6, 8 and 12) (Young, et al, 2005).  
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Starting from these data, we constructed different profiles as summarized in 
table II.  













Profile 1 26 7 a 7 a 6 b 6 b
Profile 2 14 7 a 7 a - -
Profile 3 12 - - 6 b 6 b
Profile 4 20 7 a 7 a 6 b -
Profile 5 15 7 a 7 a 1a -
a
from Le Roch, et al, 2003;
b
from Young et al, 2005.
Raw expression data were downloaded from PlasmoDB Database 
(http://plasmodb.org). Each expression profile value was then log2 transformed 
and normalized according to:  
profileinormalized xxx 2log= [6] 
where normalizedx is the normalized value of expression calculated for the i-th x
element of the expression profile and where profilex  is the mean calculated along 
the profile. 
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For each pair of profiles the corresponding Pearson’s correlation coefficient 
was calculated to measure profile similarity (the cor function (Becker, et al, 
1988) in R environment). We assessed the results using GS-fun gold standard 
obtained from KEGG database. The Positive Predictive Value (PPV) was 






=   [7] 
where TP and FP were calculated at each Pearson’s correlation value. The 
results of the assessments are reported in figure 13. We found that the best 
PPVs were obtained using profiles 2 and 5 while the predictive performances 
using the other profiles was significantly lower.  
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4.4 Prediction of a global P. falciparum interactome. 
We utilized phylogenetic profiles, rosetta stone proteins and gene expression 
data to predict a global PPI network for P. falciparum. We applied the Bayesian 
approach proposed by Jansen (Jansen, et al, 2003) to integrate the three data 
sets.  
Protein pairs in each data set were grouped binning the corresponding value of 
Pearson’s correlation, distance correlation and rosetta protein probability. Each 
group of protein pairs in each bin was compared with the gold standards of 
functional interactions (GS-fun) and the corresponding TP/FP ratio was 
calculated (Table III). This TP/FP value was then associated to each protein pair 
in the bin as the score LR. 
Table III. TP/FP ratio calculated for each bin of the dCor, rosetta stone probability and
Pearson’s coefficient 
Phylogenetic profile Rosetta stone data Expression data
bin TP/FP bin TP/FP bin TP/FP
0 - 0.1 0.696261 < 5 0 -0.9 – -0.8 0.65716
0.1 0.2 0.81191 5 – 6 8.75 -0.8 – -0.7 0.65724
0.2 - 0.3 1.24575 6 – 7 8.5 -0.7 – -0.6 0.65742
0.3 - 0.4 2.3144 7 – 8 15.5 -0.6 – -0.5 0.65942
0.4 - 0.5 5.47423 else 20 -0.5 – -0.4 0.66545
0.5 - 0.6 17.4959 -0.4 – -0.3 0.6781
0.6 - 0.7 32.8667 -0.3 – -0.2 0.69691
0.7 - 0.8 38.2857 -0.2 – - 0.1 0.72763
0.8 - 0.9 108 -0.1 – 0 0.7715
0.9 - 1 30 0 – 0.1 0.83451
0.1 – 0.2 0.9149
0.2 – 0.3 1.0003
0.3 – 0.4 1.10305
0.4 – 0.5 1.24752
0.5 – 0.6 1.43028
0.6 – 0.7 1.69389
0.7 – 0.8 2.05295
0.8 – 0.9 2.50138
0.9 – 1 3.67123
1 10.6897
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A global score LRG was obtained by multiplying the single ones derived from 
each data set,  
 
ERPG
LRLRLRLR ´´=           [8] 
 
here 
PLR , RLR  and ELR  are the scores from the phylogenetic profiles, rosetta 
stone proteins and expression data respectively.  
 
An assessment of the global predictive performance was performed and 
compared with those derived from each single data set by using the gold 
standards GS-fun. Results are shown in figure 14 as a plot of the TP/FP for each 
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LRG value versus the genome coverage. 
Our results show that the integration of data results in an improvement of the 
accuracy in predicting PPIs. The TP/FP ratios of the predictions obtained using 
integrated data sets is about ten-fold higher compared with the TP/FP ratios 
obtained using the single data sets. In order to derive a PPI network covering a 
significant portion of the proteins encoded by P. falciparum genome and 
ensuring a sufficiently low number of expected FPs, we choose a LRG value 
equal to 0.6 (88% of genome coverage; 9% of FPs) as a threshold. The resulting 
PPI network includes 4833 proteins involved in 436115 interactions (figure 15). 
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4.5 Topological analysis of P. falciparum global interactome. 
 
Biological networks are characterized by specific topological properties that 
distinguish them from random. First, biological networks are scale-free (panel a 
of figure 16), that is they have few nodes with a high number of connections 
(high node degree) and many nodes with few connections (low node degree) 
(Uetz, et al, 2000; Ito, et al, 2001). This results in a node degree distribution 
that follows a power- law g-» xy where g ranges from 2 to 4 (Barabási & 
Albert, 1999). Second, biological networks have small-world property (panel b 
in figure 16), that is the majority of nodes, even if not directly connected, can 
be reached by a small number of paths (Watts & Strogatz, 1998). Finally, 
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biological networks are modular. They are formed by highly connected groups 
of nodes that are poorly connected to each other (panel c of figure 16) 
(Newman, 2006). Modularity of a network can be estimated by comparing the 
distribution of the average clustering coefficients with that one of a random 
network. The clustering coefficient is defined as the ratio between all possible 
and the actual 
edges between 
first neighbors 











neighbors.    




we used the 
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Network Analysis tool available in Cytoscape (version 2.8.3, Shannon, et al, 
2003), and results are shown in figure 17. In panel a of figure 17, it is shown the 
node degree distribution that fits the power law 873.077.472 -´= xy . We noticed 
that the γ value is lower than the one expected for biological networks. This 
means that a high number of nodes has high node degree in P. falciparum PPI 
network. This result supports previous observations (La Count, et al, 2005; 
Date, et al, 2006) indicating that P. falciparum interactome is more 
interconnected than those of other organisms. Panel b of figure 17 shows the 
distribution of the shortest path lengths, we observed that the majority of node 
pairs is characterized by shortest path lengths lower than 5 (96,56%), revealing 
the “small word” character of the P. falciparum interactome. In panel c of 
figure 17, the distribution of the average clustering coefficients are reported for 
both real (full dots) and randomized (green dots) P. falciparum interactome. 
The two distributions significantly differ. Average clustering coefficients 
obtained for the real interactome are consistently higher than those obtained for 
the randomized one (the global average clustering coefficient of the real 
interactome is equal to 0.493, while it is equal to 0.242 for the randomized one). 
 
 
4.6 Stage-specific lipid raft interactomes during P. falciparum blood stage 
development. 
 
The prediction of a global interactome does not take into account timing of 
expression and sub-cellular localization of the proteins involved. To overcome 
this problem, it can be filtered with proteomic data. The host lab performed a 
proteomic analysis of membrane microdomains (lipid rafts) isolated from 
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different P. falciparum blood stages. Lipid rafts, characterized in many different 
organisms, are involved in important cellular processes such as signaling, 
trafficking, membrane fusion events and gained particular interest for their role 
in host cell invasion by different pathogens, including Plasmodium.  
The host laboratory performed mass spectrometry analysis of P. falciparum
lipid rafts from trophozoites, early and late schizonts and sexual gametocytes, 
collecting parasite samples from synchronous cultures (figure 18). We used the 
four proteomic data sets to filter the predicted PPI network of P. falciparum and 
derive the stage-specific lipid-raft interactomes. In table IV we reported the 
numbers of proteins experimentally identified by mass spectrometry, the 
number of proteins and connections of the obtained interactomes. 
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#  proteins in the 
raft-related 
network 
#  connections 
Young trophozoites 77 70 214 
Early schizonts 223 213 1159 
Late schizonts 298 282 2141 
Stage IV gametocytes 131 124 358 
 
In all cases we found that the lipid raft-associated proteins are involved in 
highly connected networks. In order to assess the probability that this can be 
obtained by chance, we performed a random simulation test selecting ten 
protein sets, from the global PPI network, of the same size of proteomic data 
sets. Comparative analysis 
was performed calculating 









(where E is the number of 
connections observed in a 
given networks and N(N-1) 
the number of all possible 
connections between N 
nodes), which provides a 
measure of the internal 
connectivity of a network. 
Results are shown in figure 19 as scatter dot plots. In all cases we found that the 
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mean density values (horizontal bars) of interactomes derived from randomly 
chosen proteins (empty dots) are lower than those obtained from the predicted 
interactomes (full dots). 
4.6.a Analysis of dynamic interactions. 
Once established that the stage-specific interactomes significantly differ from 
those obtained using random data sets, we proceeded with their 
characterization. One of our main interests, is to gain insights on the dynamics 
of membrane lipid rafts during the parasite development. To this aim, we 
applied a methodology (Srihari & Leong, 2012) that measure the percentage of 
conservation of PPIs.  
A systems biology approach to study the dynamics of                                   





Based on comparative analysis of lipid raft proteomes of the four examined 
stages, a stage-specific protein is classified as “dynamic”, while a protein 
conserved in at least two stages is considered as “static”. Accordingly, PPIs are 
classified as “dynamic” (D) if they occur between two dynamic proteins, 
“static/dynamic” (SD) if they connect a “static” with a “dynamic” protein and 
“static” and (S) if the predicted interaction occurs between two “static” proteins 
(figure 20).  
 
As shown in figure 21, 
the interactions 
classified as S are 
preponderant in the 
networks of early 
schizonts and 
gametocytes, whereas 
they represent 36% of 




contains only S 
interactions, indicating 
that no specific 
function is represented 
in lipid rafts of this 
stage. D interactions 
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are more represented in late schizonts (about 20% of total interactions), while 
they slightly exceed 5% in early schizonts and gametocytes. SD interactions 
imply that a “static” protein is connected with “dynamic” partners, suggesting 
that a conserved protein may be implicated in different processes depending on 
parasite developmental stage.  
Taken together SD and D interactions, completely absent in the trophozoite 
network, represent about the 31% and 18% of the early schizonts and 
gametocyte networks respectively, and more than 60% in late schizonts. Thus, 
it appears that late schizont interactome, with a higher number of interactions 
established between stage-specific proteins, is more “dynamic” than the other 
stages considered. This can reflect the fact that late schizonts contain fully 
developed, highly specialized invasive forms (merozoites) characterized by 
specific organelles, necessary to establish contact and penetrate inside the host 
erythrocyte. In the following paragraphs, we integrated S, SD and D 
classification with functional and topological information.  
4.6.b Cluster analysis. 
In principle, proteins with functional relationships are highly connected and 
form distinct clusters in a PPI network.  
Here we applied the AllegroMCODE software (Bader, et al, 2003) to identify 
clusters within each stage-specific P. falciparum network and assigned a 
functional annotation to the proteins populating each cluster. Examples of 
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clusters enriched in specific functional categories are presented in figure 22 
where networks are represented as graphs and larger nodes indicate “dynamic” 
components.  
 
The invasion-related proteins (green dots in figure 22) poorly populate the 
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interactomes of trophozoites and early schizonts, while they form a large cluster 
in late schizonts. Further, proteins involved in early steps of gametogenesis 
(orange dots in figure 22), i.e. the egress and fertilization, form a distinct cluster 
in gametocyte network. Egress, is a process leading to the rupture of the 
erythrocyte membrane to enable gamete release and the successive fusion of 
female and male gametes (fertilization). These processes occur in the mosquito 
midgut, following an infected blood meal, although several involved proteins 
are already expressed at the gametocyte stage. In figure 22, we also highlighted 
proteins involved in folding (pink nodes), a category represented with a variable 
abundance in stage-specific interactomes, likely reflecting the weight that raft-
mediated folding has in the different developmental stages. Interestingly, in 
early and late schizonts members of this protein family are recruited in lipid 
rafts in a stage-specific manner (dynamic nodes), while in trophozoites and 
gametocytes all detected chaperonins are implicated in conserved pathways 
(static nodes).   
These examples show that cluster analysis, combined with functional 
annotation of protein components may clarify a specific biological context. This 
information can be also exploited to assign a role to proteins of unknown 
functions, residing in the same cluster. An example is shown in figure 23 where 
proteins implicated in either egress or fertilization are connected with four 
unknown “dynamic” proteins residing in the same cluster of gametocyte 
interactome (orange and black nodes respectively). These proteins may 
represent new candidates involved in the egress process and place them as 
suitable targets for further investigation.  
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4.6.c The lipid raft “functional core”.  
 
As shown above, lipid raft interactomes include proteins conserved between 
networks, suggesting the presence of a common pattern of interactions 
maintained across all the various stages. To define this “functional core”, we 
decided to apply a network alignment to the four lipid raft networks (Wang & 
Gao, 2012; Bandyopadhyay, et al, 2006). We adopted the GASOLINE software 
(Micale, et al, 2014) that perform a multiple local alignment and evaluates its 
quality by measuring the average degree of conservation by an Index of 
Structural Conservation (ISC) ranging from 0 to 1.  
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We identified a high quality alignment with a conserved topology across the 
four stages (ISC=1), composed of 24 nodes (figure 24). When we examined this 
subnetwork by a functional point of view (see Table V), we observed that 
several interacting partners localize to either the parasitophorous vacuole 
membrane (PVM) (pink nodes in figure 24), or the food vacuole membrane 
(FVM) (light blue nodes in figure 24), subcellular compartments involved in 
processes important for parasite development inside the host erythrocyte.  
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The PVM that surrounds the parasite during the entire erythrocyte cycle is 
involved in protein sorting and trafficking to internal subcellular compartments 
or to the erythrocyte cytosol. Parasite proteins routed to the host cell 
compartment cross the PVM using a translocation machinery, also known as 
PTEX complex (de Koning-Ward, et al, 2009). Several subunits of the PTEX 
reside in the “functional core” subnetwork and are shown to interact between 
each other. The “functional core” subnetwork also includes numerous members 
of the heat shock protein family. These class of proteins have been 
demonstrated to be crucial under fever attacks in guaranteeing the correct 
protein folding (Pavithra, et al, 2004), but they are also enriched in the PVM 
(Nyalwidhe & Lingelbach, 2006) where they likely guide unfolding and 
refolding of proteins trafficked between membrane compartments. 
 
Table V: protein of the “functional core” with possible evidence of their cellular 
localization. 
Protein ID Product description  Localization & Reference 




MAL8P1.69 14-3-3 protein (14-3-3I) 
 
  




PF08_0054 heat shock protein 70 (HSP70) 
 
  
PF10_0086 adenylate kinase (AK1) 
 
  
PF11_0175 heat shock protein 
101,chaperone protein ClpB2 
(HSP101) 
 
PVM de Koning-Ward, et al, 
2009; Riglar, et al, 2012 
PF11_0224 circumsporozoite-related 
antigen,exported protein 1 
(EXP1) 
 
PVM Riglar, et al, 2012 
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PF11_0351 heat shock protein 70 (HSP70-
3)
PF13_0102 translocation protein SEC63 
(SEC63)
PF14_0075 plasmepsin IV (PM4) FV Banerjee, et al, 2002
PF14_0076 plasmepsin I (PM1) FV Banerjee, et al, 2002
PF14_0077 plasmepsin II (PM1) FV Banerjee, et al, 2002
PF14_0078 plasmepsin III,histo-aspartic 
protease (PM3)
FV Banerjee, et al, 2002
PF14_0201 surface protein P113 (P113) PVM Obando-Martinez, et al, 
2009
PF14_0344 translocon component 
PTEX150 (PTEX150)




PF14_0615 ATP synthase (C/AC39) 
subunit, putative
FV* Lamarque, et al, 2008
PF14_0678 exported protein 2 (EXP2) PVM Fischer, et al, 1998; Ito, 
et al, 2011
PFB0210c hexose transporter (HT) FV* Slavic, et al, 2010
PFE1150w multidrug resistance protein 
(MDR1)
FV Cowman, et al, 1991
PFE1195w karyopherin beta (KASbeta) PVM* Mohammed, et al, 2005
PFI0875w heat shock protein 70 (HSP70-
2), BiP
PFI1270w conserved Plasmodium protein, 
unknown function
*predicted
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Plasmepsins and the multi-drug resistance 1 (MDR1) (light blue nodes in figure 
24) localize to the food vacuole membrane (FVM), where they are involved in 
the hemoglobin digestion. Plasmodium parasites engulfs part of the host 
cytoplasm through the invagination of the PVM and the generated vesicles 
release their content in the food vacuole (FV) (Lazarus, et al, 2008) where the 
hemoglobin digestion starts by plasmepsins (Banerjee, et al, 2002). The 
membrane pump MDR1, is then involved in translocating small peptides 
derived from the digestion of the hemoglobin that represent one of the major 
amino acid sources for the parasite. About 60-80% of the host hemoglobin is 
digested during Plasmodium infection (Francis, et al, 1997), suggesting a 
constant trafficking of vesicles from the PVM to the FV and thus a sort of 
constant interaction between these compartments, that may be mediated by 
membrane microdomains. Consistent with the functional interaction of these 
membrane compartments is the interconnection of their components observed 
in the “functional core” subnetwork.  
 
The inspection of the “functional core” subnetwork suggests other possible 
candidates that may populate the functional interface between the PVM and FV. 
One of them is the Hexose Transporter (HT; PFB0210c), whose subcellular 
localization has not been determined in P. falciparum blood stages. 
Interestingly, the rodent P. berghei orthologs has been localized at the food 
vacuole (Slavic, et al, 2010). Overall these results underline the sensitivity of 
our interactome in describing the functional interactions between proteins. 
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5- CONCLUSIONS AND PERSPECTIVES 
The reconstruction of the complex networks of functional and physical 
relationships between proteins is a central issue for the understanding of 
biological processes. For this reason, the prediction of interactomes is one of 
the most important challenges for both experimental and computational 
biologists. In the last ten years, a great amount of data has been produced by 
“high-throughput” approaches. The number of sequenced genomes, their 
quality in terms of completeness and the annotation of the gene repertoires 
significantly increased. In parallel, novel data sets have been acquired by 
transcriptomic approaches and mass spectrometry analyses on whole cell 
proteomes under specific conditions or at different developmental stages. 
Computational methods to predict PPIs emerged in parallel with the first 
releases of completely sequenced genomes. The availability of  this great 
amount of genomic data and the corresponding repertoires of predicted proteins 
made it possible to develop novel classes of predictive algorithms based on 
statistical methods.  
In this work, we applied computational methods to obtain a new PPI network 
for the malaria parasite P. falciparum, with the aim to gain insights on the 
biological functions and PPIs taking place in membrane microdomains or lipid 
rafts. This subcellular compartment is involved in crucial cellular processes 
such as signal transduction, protein sorting and trafficking and membrane 
fusion events. Lipid raft characterization in Plasmodium-infected erythrocytes 
may provide new insights on parasite biology and  potential candidates for 
drugs development. 
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Taking advantage of the available genomic, transcriptomic and proteomic, data, 
we applied a Bayesian approach to predict a probabilistic global interactome of 
P. falciparum and used this information to derive PPI networks of lipid raft-
associated proteins in four different stages of the parasite development.  
To this aim, we performed a re-assessment of two computational approaches 
usually used to predict PPIs: the phylogenetic profiling and the construction of 
the rosetta stone data. 
Thanks to the increasing amount of available genomic data, phylogenetic 
profiling is one of the most promising computational approaches to predict 
PPIs. It is based on the detection of co-evolving proteins, which are often 
involved in the same biological pathways or in the same complex. This method 
relies on the comparison of proteins from a given genome with those from 
genomes in a reference set.  
The two crucial points of this method are the selection procedure to include 
genomes in the reference set and the choice of the metric to compare the 
phylogenetic profiles. Redundancies in the reference set as well as the quality of 
the genome sequences affect the predictive performances of the method. A 
fortiori, the metric adopted to compare phylogenetic profiles clearly influences 
the prediction of true PPIs. Several studies demonstrated that, correlation based 
metrics provide the best results in detecting pairs of interacting proteins 
(Glazko, et al, 2004). These metrics, however, capture only linear relationships 
between variables, while mutual information reveals both linear and not linear 
associations. Recently, Szekely and collaborators proposed a novel statistics as 
an extension of the Pearson’s correlation coefficient (Szekely, et al, 2007). 
They showed that distance correlation is equal to zero, if and only if the two 
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variables are independent, while it assumes positive values if any relationship 
exists between them.  
We addressed the two issues regarding the reference set construction and the 
comparison of phylogenetic profiles, developing a new strategy of genome 
selection, based on the phylogenetic relationships between them, and applying 
the distance correlation as a novel measure of profile similarity. This results in 
an improvement of phylogenetic profiling in PPI prediction. Furthermore, we 
confirmed the influence of the reference set in terms of size and genome 
composition. Our strategy of genome selection allowed for the construction of 
an “outperforming” reference set, which was then used to derive the novel set 
of phylogenetic profiles for P. falciparum.
The same procedure was also adopted to construct the reference set (RS1) used 
to derive new data on rosetta stone proteins for P. falciparum. Although, the 
number of parasite proteins that we found to be encoded by fused genes in the 
reference set is comparable to those detected in previous studies, we obtained a 
strong improvement in the accuracy of the method.  
Moreover, a further validation of the robustness of RS1, comes from an 
independent analysis of a potential “rosetta-stone protein” of the pathogen 
protozoan G. duodenalis. Database searches, using several portions of the 
protein versus RS1 suggested that a gene fusion event might be occurred in a 
bacterium followed by a gene-transfer event to the common ancestor of G. 
duodenalis and E. hystolitica, that shared the ecological niches of the human 
intestine. 
As interacting proteins are very often found to be encoded by co-expressed 
genes, in parallel with the construction of novel genomic data sets, we exploited 
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available transcriptomic data to derive and compare new gene expression 
profiles covering both sexual and asexual stages.  
Genomic and transcriptomic data were integrated and a global probability score 
was obtained for each predicted PPI. We showed that the predictive 
performance of this global score, strongly outperforms that obtained by the 
single scores. Then, we extracted a “high-accuracy” set of PPIs with a global 
score corresponding to a ratio of TP/FP higher than 10 and containing more 
than the 88% percent of P. falciparum proteins. The resulting PPI network 
includes all possible interactions irrespective of protein co-occurrences in terms 
of timing of expression or cellular localization. To overcome this problem, we 
filtered the PPI network with proteomic data on lipid rafts-associated proteins 
in four developmental stages of P. falciparum, obtained by the host lab. The 
functional and topological characteristics of the four stage-specific interactomes 
were explored using different methods. We observed that lipid raft PPI 
interactome undergoes to a continuous remodeling during the parasite 
development. We also observed that proteins involved in stage-specific 
processes, like invasion and egress, form distinct clusters. The fact that these 
clusters include proteins whose function is still unknown, can be exploited to 
predict their possible biological roles.  
Furthermore, the alignment of the four PPI networks revealed a “functional 
core” of raft-associated proteins forming a subnetwork topologically conserved 
in the four PPI networks. This subnetwork is formed by proteins involved in 
two fundamental processes of the parasite cell: hemoglobin digestion and 
protein sorting/trafficking.  
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This work represents an improvement in the quality and accuracy of PPI 
network prediction for P. falciparum, and opens new perspectives in the 
investigation of specific biological questions.  
The possibility to filter the network using diverse proteomic data enables to 
include spatial and temporal information and gives the opportunity to analyze 
the dynamics of subcellular compartments during developmental phases or 
under different stimuli. This may suggest new drug/vaccine candidates to be 
submitted to experimental validation.  
Furthermore, the genomic data sets that we produced may have other interesting 
applications. The comparative analysis of parasite and host proteins by 
phylogenetic profiling may provide insights on parasite-host interactions that 
play important role in several crucial processes, like sequestration of infected 
erythrocyte, host cell remodeling by the generation of novel membrane 
compartments, invasion and egress from the host cell (preliminary analyses are 
presented in Part III).   
Furthermore, novel phylogenetic profiles and rosetta stone data may have a 
more general application to gain insights on gene evolution (an example is 
presented in Part III).  
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1 - Plasmodium berghei and Plasmodium knowlesi phylogenetic profiling.
As described in Part I, we reconstructed and analyzed P. falciparum
phylogenetic profiles by using the reference set RS2 and the distance 
correlation as a measure profile similarity. In order to perform comparative 
analyses of Plasmodia interactomes, we applied the same procedure to 
construct phylogenetic profiles of P. knowlesi and P. berghei. These two 
parasites infect primates (P. knowlesi) and rodents (P. berghei)  and are 
considered in vivo models for human malaria.  
Although the genome sequences are available for both the parasites, the status 
of the gene-annotation is still incomplete making difficult the assessment 
procedure based on the construction of the gold standard data sets. In fact, 
information related to the two parasites in KEGG database results in a limited 
number of TPs, especially in the case of P. knowlesi.
Considering that the annotation of P. falciparum proteins deeply overcomes 
that one of other Plasmodia species, we exploited P. falciparum gold standards 
to derive the corresponding ones of P. berghei and P. knowlesi. In order to 
approach this, we used OrthoMCL database (www.orthomcl.org) where groups 
of orthologous proteins are collected. On these bases, the process of gold 
standard construction for these Plasmodium was done converting the protein 
pairs in gold standards of P. falciparum into the corresponding pairs of 
orthologous of P. berghei and P. knowlesi.
The two sets of gold standards (see Table I for details) were used to assess the 
predicted interactions by phylogenetic profiling of Plasmodium parasites. 
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In figure 1 the predictive performances obtained for P. berghei (panel A) and P. 
knowlesi (panel B) are shown as ROC curves.  
 







In both cases, the best results were obtained by using gold standards derived 
from P. falciparum orthologs (green lines). In particular, in the case of P. 
 GS-fun GS-fun_OGS 
 TP TN TP TN 
P. berghei 15320 93395 16180 22207 
P. knowlesi 1873 4087 16024 23564 
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berghei, the AUC obtained by using these gold standards is equal to 0.712, 
while the AUC obtained using GS-funPb is equal to 0.609. For P. knowlesi, the 
AUC obtained using GS-fun_GSOPk is equal to 0.794, while the AUC obtained 
using GS-funPk is equal to 0.721. 
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2 – Phylogenetic profiling to predict host-parasite interactions in P.
falciparum and P. knowlesi.
In order to look for novel targets of drug or vaccine development, a big 
challenge in malaria research is to identify the PPI networks taking place 
between the host and the parasite. However, in the case of the infected 
erythrocytes, usually used experimental and computational approaches based on 
the transcriptomic analyses of the host-parasite system under physiological and 
perturbed conditions are hampered by the absence of the transcriptional activity 
of the erythrocytes. 
Considering that the similarity of the phylogenetic profiles indicates that two 
interacting proteins need to co-evolve to perform their biological function, we 
applied the phylogenetic profile strategy to predict “hybrid” PPI networks of 
the host-parasite system. 
We applied this interspecies phylogenetic profile method to the two host-
parasite systems: i) P. falciparum and the human erythrocyte (PfH) and ii) P. 
knowlesi and the erythrocyte of its natural host Rhesus monkey (Macaca 
mulatta) (PkM). 
In order to approach this, we exploited mass spectrometry data available for the 
human and monkey erythrocyte proteomes, and then we derived the 
phylogenetic profiles of the corresponding proteins by using RS2 (Reference 
Set 2, see paragraph 4.1 in Part I). The distance correlation was adopted to 
measure the similarity between Plasmodium-Plasmodium, Plasmodium-
erythrocyte, and erythrocyte-erythrocyte phylogenetic profiles. 
A threshold of the distance correlation equal to 0.6 was established, resulting in 
the selection of 2211 proteins (1933 and 278 from the parasite and the host 
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respectively) involved in 53937 interactions for the PfH system and 2286 
proteins (1509 and 777 from the parasite and the host respectively) with 204966 
interactions for the PkM system. In figure 2 the predicted Plasmodium-
erythrocyte interactomes are shown, where full nodes are the Plasmodium 
proteins, while red and green nodes represent human and monkey erythrocyte 
proteins respectively. 
Further analyses will be carried out to explore the two PPI networks and to 
remove FPs due to the trivial connections between orthologs in the two 
organisms. This should highlight functionally significant host-parasite 
interactions that will be the object of experimental validations. 
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3 - A multidomain protein from Giardia duodenalis, a rosetta stone case.
Beside the inference of PPIs, the rosetta stone method can be utilized to 
reconstruct the evolution of gene fusion events exploiting “rosetta-stone 
proteins” phylogenesis.
In order to explore this approach, we focused on a specific case of study, that is 
a protein containing a glycerol-3-phosphate dehydrogenase (gG3PD) domain in 
Giarda duodenalis. G. duodenalis is a protozoan parasite, which causes 
giardiasis, the most common feedborne and waterborne human gastroeneteric 
disease (Ryan & Cacciò, 2013; Halliez & Buret, 2013). Both energy and 
intermediate metabolism of this parasite have been shown to represent potential 
targets for drug screening and design (Müller and Hemphill, 2013; Watkins and 
Eckmann 2014). As gG3PD is a key enzyme at the crossroad of glycolysis, 
redox and fatty acid metabolism, it represents a potential candidate for drug 
development. 
Preliminary BLAST data base searches suggested that gG3PD is formed by 
three different domains (a, b, c), and thus can be a potential “rosetta stone 
protein”. 
In order to reconstruct its phylogenesis, we developed a specific database 
search strategy. To avoid any kind of bias possibly introduced by redundancies 
and/or low quality sequences, we used RS1, the largest, non redundant set 
among the high quality genome reference sets that we obtained (see paragraph 
4.1 in Part I). We then performed five different FASTA searches against the 
774 genomes in RS1, using as queries: the entire gG3PDabc, and four virtual 
peptides, the gG3PDab, formed by the first two domains (a: 1- 500 aa; b: 501-
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950 aa), and each of the three domains, gG3PDa, gG3PDb and gG3PDc (c: 951-
1111 aa). 
The Smith-Waterman algorithm, available in the FASTA package (version 36; 
Pearson & Lipman, 1988), was utilized. A match between sequences was 
considered positive when the corresponding alignment has a coverage higher 
than 70%, and an E-value lower than 10-6. In the case of the smallest virtual 
peptide gG3PDc, the E-value threshold was set at 10
-3.  
We selected five groups of protein sequences matching the criteria and 
investigated the evolutionary relationships within each group. 
Results clearly show that gG3PDa and gG3PDb are closely related to bacterial 
G3PD domains and FAD/NAD binding domains respectively. We found only 
33 matches between gG3PDc and bacterial proteins, whose annotations suggest 
a “metal-binding” function. Interestingly, only one match was obtained for 
gG3PDabc with a protein from the protozoan Entamoeba hystolitica that causes 
intestinal infectious disease in humans and only one match for the gG3PDab 
with a protein, from Eggerthella lenta that is part of the human colon bacterial 
flora.  
The inspection of the Tree of Life revealed that E. hystolitica and G. duodenalis 
not only share the same niche in the human host, but they have also a common 
origin in that they form a single branch in the Protozoa clade.  
Altogether, these results provide highlights on the origin of gG3PD as a 
“rosetta-stone protein”. A possible scenario is the one shown in figure 3, a gene 
fusion event occurred between gG3PDa and gG3PDb in E. lenta, then the fused 
gene was acquired by an eukaryote sharing the same ecological niche in the 
human intestine and that can be considered as the common ancestor of E. 
hystolitica and G. duodenalis. 
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